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Editor: D. BarceloTheDepartment of Energy's Clean Cities programwas created in 1993 to reduce petroleumusage in the transpor-
tation sector. The program promotes alternative fuels such as biofuels and fuel-saving strategies such as idle re-
duction andfleetmanagement through coalitions of local government, non-profit, and private actors. Few studies
have evaluated the impact of the program because of its complexity that include interrelated strategies of grants,
education and training and diversity of participants. This paper uses a Difference-in-Differences (DiD) approach
to evaluate the effectiveness of the program between 1990 and 2010. We quantify the effectiveness of the Clean
Cities program by focusing on performance measures such as air quality, number of alternative fueling stations,
private vehicle occupancy and transit ridership. We find that counties that participate in the program perform
better on all these measures compared to counties that did not participate. Compared to the control group,
counties in the Clean Cities program experienced a reduction in days with bad air quality (3.7%), a decrease in
automobile commuters (2.9%), an overall increase in transit commuters (2.1%) and had greater numbers of
new alternative fueling stations (12.9). The results suggest that the program is a qualified success.
© 2016 Elsevier B.V. All rights reserved.Keywords:
Alternative fuel vehicles
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Vehicle miles traveled
Policy evaluationdu (N. Kaza).1. Introduction
The transportation sector contributes about 50% of all smog-forming
volatile organic compounds (VOCs), nitrogen oxide (NOx) emissions,
and toxic air pollutant emissions, and about 75% of all carbonmonoxide
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Agency, 2007). Petroleum-based products such as gasoline and diesel
account for much of this pollution. Federal policies have focused on re-
ducing petroleum consumption in the transportation sector by promot-
ing alternative fuels, reducing vehicle miles traveled (VMT) and
increasing fuel efficiency of automobiles (Congress of the United
States & Congressional Budget Office, 2002; Gallagher et al., 2007;
Knittel, 2012). Part of this effort is supported by the Department of
Energy’s Clean Cities program, which promotes petroleum reduction
in American cities. Created by the U.S. Department of Energy (DOE) in
1993, the Clean Cities program aims to reduce petroleum consumption
in transportation through alternative and renewable fuels, fuel econo-
my improvements, idle reduction, and other fuel-saving technologies
and practices (United States Department of Energy, Energy Efficiency
& Renewable Energy, 2016a). Clean Cities Coalitions (CCCs) are public-
private partnerships comprised of businesses, fuel providers, state and
local agencies, and community organizations (United States
Department of Energy, Energy Efficiency & Renewable Energy, 2016a).
Because the program is complex and consists of interrelated pollution
mitigation strategies, evaluation has hitherto relied on accounting for
displaced petroleum consumption from alternative fuel fleet adoptions
and mitigation factors associated with strategies such as idle reduction
(United States Department of Energy, Energy Efficiency & Renewable
Energy, 2016b). Little is known about the impact of the program on
air quality or petroleum demand reduction as data are hard to obtain
and establishing causal relationships is challenging.
This study provides an initial characterization of efficacy of the Clean
Cities program. The program's impacts are evaluated by comparing the
difference in various outcome measures between counties located in-
side and outside the boundaries of CCCs between 1990 and 2010,
while controlling for meteorological, sociological, and demographic fac-
tors. We focus on different outcomemeasures such as air quality, alter-
native fuel use, commuters using automobile and transit. We find that
the Clean Cities program is positively associated with a decrease in the
number of days with bad air quality. Moreover, counties that are part
of CCCs have more alternative fueling stations than counties that are
not. Finally, our results suggest that the Clean Cities program discour-
ages driving to work and encourages transit ridership, potentially yield-
ing a reduction in transportation-related air pollution.
2. Background
The 1992 Energy Policy Act required certain vehicle fleets (e.g. feder-
al and state fleets in metropolitan areas excluding emergency and law
enforcement) to acquire Alternative Fuel Vehicles (AFVs). The DOE
established the Clean Cities program in 1993 to provide resources to
these fleets and other voluntary adopters (United States Department
of Energy, Energy Efficiency & Renewable Energy, 2016a). The program
provides resources and information to help transportation stakeholders
evaluate options and achieve goals related to alternative fuels, advanced
vehicle technologies, and other strategies to curtail petroleum use. A
formal designation occurswhen a local champion, such as a county gov-
ernment, local non-profit, or city agency working with the DOE, assem-
bles local stakeholders and develops a program plan for the coalition.
The local coalitions provide opportunities for transportation stake-
holders to coordinate their actions with one another to reduce petro-
leum use. CCC designation occurs on voluntary basis; however, the
coalition has the capacity to identify a healthy marketplace for alterna-
tive fuels and other petroleum reduction strategies, establish a clear or-
ganizational structure, and maintain strong partnerships with relevant
government departments (United States Department of Energy,
2016). The designation process can take anywhere from one to three
years. When the Clean Cities program commenced, six local coalitions
were formed (United States Department of Energy, 2016) and by mid-
2016, this number grew to 84 CCCs nationwide, encompassing more
than half of all U.S. counties (see Fig. 1) (United States Department ofEnergy, Energy Efficiency & Renewable Energy, 2016c). The central
aim of the Clean Cities program is to decrease petroleum consumption
in the U.S. by 2.5 billion gal per year by 2020 (United States
Department of Energy, Energy Efficiency & Renewable Energy, 2016b).
TheCleanCities programaims to build partnerships among state and
local actors within both the public and private sectors to overcome crit-
ical barriers that have impeded the acquisition of AFVs and use of alter-
native motor fuels. These barriers include the low price of gasoline and
diesel, insufficient availability of alternative fuel refueling infrastruc-
ture, and the relatively high cost of AFVs (Santini et al., 1995; Whalen
et al., 1999; Rubin & Leiby, 2000). The program's main strategies are
1) to encourage a voluntary approach to AFV development and acquisi-
tion; 2) to implement and overseemajor activities such as grants for in-
stallation of idle-reduction technologies and technical training through
local designated coordinators; 3) to pay attention to nichemarkets, such
as airport, transit, and government fleets; 4) to enable and encourage
development of refueling infrastructure; 5) to involve federal and
state governments in developing and supplying funding, information
resources, and technical assistance (Zhao & Melaina, 2006).
In 2013 alone, the Clean Cities program claims to have saved about
1 billion gal of petroleum through alternative fuels and vehicles
(70.5%), increased adoption of electric vehicles (13.7%), reductions in
VMT (6.7%), idle reduction (5.3%), and improved fuel economy (2.8%)
(United States Department of Energy, Energy Efficiency & Renewable
Energy, 2016b), which is equivalent to preventing 5.7 million tons of
Greenhouse Gas (GHG) emissions (Johnson & Singer, 2014). However,
these effects are estimated through simulations based on tools devel-
oped by Argonne National Labs (e.g. GREET Model, the Greenhouse
Gases, Regulated Emissions, and Energy Use in Transportation Model).
Evaluations of other outcomes, such as air quality improvements, are
scant in the literature.
Studies have found that alternative fuels differ in their advantages
and disadvantages for air quality compared to petroleum (Lave et al.,
2000; Schell et al., 2002; Frey et al., 2009a). For example, biodiesel can
reduce particulate matter (PM), CO and total hydrocarbon (HC) emis-
sions significantly (Haas et al., 2001; Morris & Jia, 2003; McCormick,
2007; Lapuerta et al., 2008; Janaun & Ellis, 2010), but may increase
NOx emissions upwards of 80% compared to petroleum diesel (Haas et
al., 2001; Hansen et al., 2006). Electric vehicles are able to eliminate
emissions of CO and HC and greatly reduce NOx emissions, while they
are reported to increase emissions of sulfur oxide (SOx) and PM
(DeLuchi et al., 1989; Wang & Santini, 1992; Lave et al., 1995;
Jacobson et al., 2005; Brady & O'Mahony, 2011). Although propane is
found to increase mercury (Hg) emissions (Won et al., 2007), it has
the potential to decrease the emissions of Ozone (O3), PM, NOx, CO,
and HC (Chang et al., 2001; Ristovski et al., 2005). Additionally, the air
quality benefits of alternative fuels such as ethanol (Knapp et al.,
1998; Hsieh et al., 2002; Niven, 2005; Anderson, 2009) and natural
gas (Goyal, 2003; Ravindra et al., 2006) are still under debate. CCCs pro-
mote a range of alternative fuels that suit regional and local needs. For
these reasons, it is more appropriate to evaluate the attendant air qual-
ity benefits of a comprehensive alternative fuels program broadly, rath-
er than evaluating the effects of individual fuels separately.
In addition to the alternative fuels strategy, the Clean Cities program
aims to reduce petroleum consumption through idle reduction, VMT re-
duction, and other fuel-saving practices (United States Department of
Energy, Energy Efficiency & Renewable Energy, 2016d). Idling wastes
fuel and is associated with local pollutant emissions (Frey et al.,
2009b). According to Argonne National Laboratory, idling can waste
up to 0.5 gal of fuel per hour for passenger vehicles resulting in criteria
pollutant and GHG emissions (Gaines et al., 2012). VMT reduction pro-
jects have been reported by 76 percent of the CCCs in 2014. These pro-
jects include promotion of carpooling, mass transit, non-motorized
travel, car sharing, telecommuting, and the compressed work week
(Johnson & Singer, 2014). VMT reduction is an official goal of U.S. policy
and is referenced in the Clean Air Act, the Intermodal Surface
Fig. 1. Clean Cities Coalitions by mid-2016 (Excluding Honolulu Clean Cities and State of Alaska).
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States Department of Transportation & Federal Highway
Administration, Policy and Government Affairs, 2014). Thus, the effect
of CCCs should be evaluated through analyzing a more comprehensive
list of indicators rather than simply modeling potential petroleum
substitution.
3. Materials and Methods
3.1. Outcome measures
To evaluate the impact of CCCs, we measure the difference in the
number of days with bad air quality in counties within and outside of
the CCCs. If the CCCs are effective, counties within the coalitions should
have significantly lower numbers of days with poor air quality com-
pared to counties outside of them. We choose Air Quality Index (AQI)
as the measurement of overall air quality, which can be acquired from
the AirData Air Quality Index Summary Report published by U.S. Envi-
ronmental Protection Agency (EPA) since 1980 (United States
Environmental Protection Agency, 2016). AQI considers all of the
criteria air pollutants within a geographic area based on the National
Ambient Air Quality Standards (NAAQS). The index ranges from 0 to
500; anAQI value above 100 is considered to be unhealthy from a public
health perspective (AirNow, 2016; U.S. Environmental Protection
Agency, 2014). We use the maximum daily AQI value to account for
multiple monitoring stations within a county, and then count the num-
ber of days where AQI was above 100 in that year (McCarty & Kaza,
2015). We calculate the proportion of days with an AQI above 100 and
average the proportion between 1980 and 1982, between 1988 and
1992, and between 2008 and 2012. This method averages out the effect
of exceptional events (e.g. forest fires) that might contribute to a higher
proportion of AQI in a particular year.
The differences in air quality can be attributed to either alternative
fuels strategy or VMT reduction strategy or both. To measure whether
the alternative fuel strategy is effective, we use the number of alterna-
tive fueling stations in the county as an indicator. However, such a direct
indicator is not readily available for the VMT reduction strategy because
VMT data are not consistently available at a sub-metropolitan level. In-
stead, we use two outcome variables, private vehicle occupancy (% of
commuters using car) and transit ridership (% of commuters usingtransit), as proxies because they are shown to be associated with total
VMT in an area (Carlson & Howard, 2010; Holtzclaw, 1991; McMullen
& Eckstein, 2013).
We acquired data on alternative fueling stations from the U.S. DOE
Energy Efficiency and Renewable Energy Alternative Fuels Data Center
(United States Department of Energy, Energy Efficiency and
Renewable Energy, 2015). Stations include all alternative fuels and
both existing private and public stations. Since alternative fueling sta-
tion data include the specific address of the station and corresponding
ZIP Code instead of the Federal Information Processing Standard (FIPS)
county code, we used the 2010 ZIP Code Tabulation Area to County Re-
lationship File provided by the U.S. Census Bureau to assess the number
of stations within each county.
Data on private vehicle occupancy and means of transportation to
work come from the U.S. Decennial Census 1980 (United States
Census Bureau, 1980), 1990 (United States Census Bureau, 1990) and
American Community Survey 2008–2012 (5-Year Estimates) (United
States Census Bureau, 2012).
3.2. Control variables
Average daily maximum air temperatures in the years of 1980, 1990
and 2010 were acquired at the county level from the North America
Land Data Assimilation System (Centers for Disease Control and
Prevention, 2016). Data on other covariates including total population,
urban population, unemployment rate for total population 16 years
and over, workers in manufacturing and construction (NAICS codes
31-33 & 21),median household income, and time forworkers travelling
to work are from the U.S. Decennial Census 1980 (United States Census
Bureau, 1980), 1990 (United States Census Bureau, 1990) and American
Community Survey 2008–2012 (5-Year Estimates) (United States
Census Bureau, 2012).
3.3. Research design
In our analysis,we include counties that are on either side of the bor-
der of the CCCs to establish proper comparison groups. This ensures that
the counties are within the same economic and environmental regions
and are likely to share somewhat similar growth trajectories. For this
analysis, we consider the treatment group to be comprised of counties
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CCCs are from the U.S. DOE Energy Efficiency and Renewable Energy
Clean Cities official website. Sometimes the CCCs lose designation, or
are “dedesignated”, due to financial difficulties or lack of support
(United States Department of Energy, Energy Efficiency & Renewable
Energy, 2016c). However, due to data limitations, this study does not
take these dedesignated coalitions into account. The resulting sample
includes 428 counties. Among them, 231 counties are within the CCCs
(treatment group) and 197 counties are outside of them (control
group) (Fig. 2).
We examine the effectiveness of the Clean Cities program using the
Difference-in-Differences (DiD) approach, a commonmethod for evalu-
ating the effect of a policy intervention (Dimick& Ryan, 2014; Chemin &
Wasmer, 2009; Ashenfelter, 1978; Heckman & Robb, 1985; Benmarhnia
et al., 2016; Girma & Gorg, 2007; Angrist & Pischke, 2008; Chang et al.,
2016). The DiD method uses a comparison group that is experiencing
similar trends but has not received the policy intervention and com-
pares outcome measures for both the treated group and the untreated
(comparison) group before and after the policy intervention. The DiD
estimatormeasures the difference ðδ^Þbetween the difference in average
outcome in the treatment group before and after the policy intervention
and the difference in average outcome in the control group over the
same time period. Mathematically,
^
δ
̂
¼ Ycccafter−Ycccbefore
 
− Ynon−cccafter −Y
non−ccc
before
  ð1Þ
where Y is the average outcome. Therefore, there are four groups in this
model: pre-treatment treated, pre-treatment control, post-treatment
treated, and post-treatment control. Among these four groups, only
the post-treatment treated group receives the intervention (i.e. Yafterccc in
Eq. (1). The DiD estimator and this research design have the potential to
eliminate threats to validity. For example, if automobile technology is
concurrently improving with the CCC program but is unobservable,
the researcher can falsely attribute the changes in air quality to the
intervention.
We use a regression model to calculate the DiD estimator. The re-
gression model can easily yield the DiD estimator and standard errors,
and allow for the inclusion of additional covariates at the county level
to reduce the residual variance and the effect of confoundersFig. 2.Distribution of counties in treatment and control groups in the study. Only counties that
part of a CCC designated between 1990 and 2010. Control group consists of the rest of the cou(Koppensteiner, 2013; Albouy, 2004). We use separate models for four
different outcomes of interest: proportion of bad air quality days, num-
ber of alternative fueling stations, private vehicle occupancy and transit
ridership.
If Yit is the outcome variable of interest, e.g. proportion of bad air
quality days in period t and county i, then the regressionmodel is spec-
ified as:
Yit ¼ β0 þ β1Xi þ β2Ki þ β3Tt þ β4 Xi  Ttð Þ þ β j  Zj þ μ it ð2Þ
where Xi is a dummy variable equal to 1 if the county is located inside
the boundaries of a CCC (treatment group) and 0 if it is located outside
the boundaries of a CCC (control group); Ki denotes the number of years
since designation of the CCC; Tt is a dummy variable equal to 1 for 2010
data (post-treatment period) and 0 for 1990 data (pre-treatment peri-
od); Xi*Tt is the interaction taking the value 1 only for the treatment
group in the post-treatment period. Therefore β4 is the DiD estimator
of interest. A negative value for β4 indicates a decrease in the proportion
of bad air quality days (i.e. an increase in air quality) in CCC counties
compared to non-CCC counties, while a positive value might indicate
an increase in alternative fueling stations. Zj (j N 4) denotes other covar-
iates and μit is the error term. All data management and statistical anal-
yses were conducted in STATA SE software, version 12.
4. Results
4.1. Descriptive statistics
The unemployment rate ismarginally lower in countieswithin CCCs,
while the proportion of industrial employment is similar between
counties within and outside of CCCs both in 1990 and 2000 (see Table
1). However, the share of industrial employment has declined and the
unemployment rate has increased in the two decades under study
reflecting the national trend. Both groups have similar median house-
hold incomes. This suggests that the economic structure of both groups
is roughly similar. Furthermore, because these are generally outlying
counties to metropolitan areas, they have similar proportions of com-
muters with long commutes (60min ormore). This proportion, howev-
er, has increased from 5% to 7% during the two decades indicating the
rise of the ‘mega commuters’ (Rapino & Fields, 2013). These commutingare at the border of the CCCs are considered. Treatment group consists of counties that are
nties in the subset.
Table 1
Descriptive statistics of covariates.
Variables 1990 2010
Not in CCC (n = 197) In CCC (n = 231) Not in CCC (n = 197) In CCC (n = 231)
Mean Std. dev. Mean Std. dev. Mean Std. dev. Mean Std. dev.
# of years since coalition designation 0 0 0 0 0 0 12.02 4.37
Population (000 s) 101.83 134.37 249.85 325.92 109.43 150.70 326.34 416.13
Proportion of urban population (%) 49.76 28.15 62.59 28.38 52.87 27.76 69.50 27.33
Unemployment rate (%) 7.08 2.53 6.33 2.06 9.60 3.24 9.30 3.06
Proportion of industrial employment (%) 25.12 10.24 26.08 8.87 17.80 6.02 18.17 5.69
Proportion of workers with N1 h commute (%) 4.94 3.13 5.30 3.74 6.58 3.91 6.79 4.21
Median household income (log) 10.67 0.22 10.77 0.25 10.69 0.22 10.8 0.23
California (yes/no) 0.14 0.12 0.12 0.11
Average daily maximum temperature (°F) 64.72 9.39 66.22 8.89 64.23 9.51 65.31 9.04
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the urban population of the counties within CCCs are, on average, great-
er than counties that are not in CCCs. Urban populations rose at a faster
rate in the CCC counties than the non-CCC counties, though it is unclear
if the urbanization rates have any effect on the designation of coalition
status. All these indicators point to the parallel growth trends within
both groups of these border counties and thus, make the groups compa-
rable to test the effect of the coalitions.
By comparing the differences in the outcome variables (Table 2 and
Fig. 3), one can see that the air quality has improved throughout the na-
tion between 1990 and 2010, while the effect is muchmore dramatic in
CCC counties (α= 0.05). While there were no alternative fuel stations
in the 1990s, there were many more in CCC counties than in neighbor-
ing counties in 2010 (α= 0.01). The proportion of commuting by car,
on average, increased in non-CCC counties, while it decreased in CCC
counties. Furthermore, while the average proportion of transit com-
muters declined in non-CCC counties, the proportion increased in CCC
counties. The differences in proportion of transit commuters and auto
commuters between the two groups of counties are not statistically
significant.
These descriptive statistics point to mixed success in outcomemea-
sures of the coalitions. However, such conclusions are premature as
these outcome measures could be influenced by changes in the control
variables as well as larger technological and economic shifts across the
study time period. The regression model accounts for these issues and
contributes to a robust understanding of the effectiveness of the coali-
tion designation.
4.2. Parallel trends assumption
A central assumption of the DiD approach is the parallel trends as-
sumption (Dimick & Ryan, 2014; Angrist & Pischke, 2008; Albouy,Table 2
Descriptive statistics of outcome variables.
Outcome variables and groups n 1990 2010
% days with AQI N 100 (“bad” air quality)
In CCC 231 8.968 2.80
Not in CCC 197 5.230 1.36
Alternative fueling stations
In CCC 231 0 26.8
Not in CCC 197 0 8.23
Commuters driving to work (%)
In CCC 231 89.814 88.1
Not in CCC 197 89.155 89.7
Commuters using transit (%)
In CCC 231 2.176 2.46
Not in CCC 197 1.026 0.95
Inference: ***p b 0.01; **p b 0.05; *p b 0.1.
Standard errors are in parentheses.2004), which states that the trends in outcomes between the treatment
and control groupswould be the same in the absence of the policy inter-
vention. If this assumption is violated, the DiD estimator would be bi-
ased due to different time trends in the control and treatment group.
For example, if the two subsets of counties are inherently different in
their air quality trajectories then the differences in air quality cannot
be solely attributed to the CCC designation/participation. To address
this issue, we focus only on counties that are located on the boundaries
of CCCs. Neighboring counties, due to their spatial proximity, are ex-
pected to share similar growth trajectories, thus ensuring that the char-
acteristics of the treatment and control groups are comparable, aiming
to eliminate as much observed heteroscedasticity as possible.
We test the parallel trend assumption by examining the significance
of the coefficients in a regressionmodel that uses data in the time period
prior to the policy intervention. The term of interest is the interaction
between the indicator variable representing whether the county
belonged to CCC or not and the indicator variable representing the
start (1980) and end (1990) of the period. Results indicate that there
were no statistically significant differences in trends of the outcome
measures between these two groups prior to the Clean Cities program
(Table 3). Thus, the conclusions drawn in this study are robust.
4.3. Effect on air quality
The Clean Cities program designation is positively associated with a
decrease in bad air quality days, the number of days where AQI is above
100 (Table 4). The difference in proportion of days with AQI N100 be-
tween the treatment and control groups has decreased significantly
since 1990 (α=0.05). CCC counties experiencedmodest air quality im-
provements (3.7 percentage points) compared to non-CCC counties and
these improvements can be attributable to the CCC designation. The
number of years of designation status of a CCC is positively associatedDifference between 1990 and 2010 DiD estimator
2 −6.166*** (0.726) −2.302** (1.101)
6 −3.863*** (0.827)
45 26.845*** (2.323) 18.611*** (3.522)
4 8.234*** (2.647)
55 −1.175 (0.765) −1.771 (1.159)
51 0.596 (0.871)
9 0.293 (0.511) 0.367 (0.775)
3 −0.074 (0.582)
Fig. 3. Distribution of the outcome variables.
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not significant. The model has modest predictive power (adjusted R2
~0.218).
As expected, increase in the county population lead to increase in air
pollution (α= 0.01). Since the difference in population between the
treatment and control groups is even greater after the intervention, i.e.
the treatment group has a greater population than the control group
in 2010, the population difference between groups should not affect
the direction and significance of treatment effects. Similarly, increases
in average daily maximum temperature, urbanization rate, and income
all yield decreases in air quality, though the differences are not signifi-
cant. As expected, California counties experience more days with seri-
ous air pollution issues (α = 0.01). Higher industrial employment
(manufacturing and construction) is associated with worse air quality
(α= 0.01). Unemployment rate, however, has a negative association
with air quality (α= 0.05). This may be because: 1) unemployment
rate tends to have lagged effect on air quality, 2) a higher unemploy-
ment rate leads to more people looking for jobs, which could result in
greater VMT, and 3) a higher unemployment rate does not necessarily
mean lower industrial employment, which is observed to have a nega-
tive relationship with air quality (McCarty & Kaza, 2015).Table 3
Results of pre-intervention trend.
Outcome variable
% days with AQI N 100 C
DiD estimator 0.988 (2.418) 0
Adjusted R2 0.191 0
Standard errors are in parentheses.4.4. Impact on alternative fueling stations
TheDiD estimates suggest that the CleanCities program is associated
with greater increase in the number of alternative fueling stationswith-
in the treatment counties compared to the comparison counties (α=
0.01, see Table 4). CCC counties are expected to have 13 more alterna-
tive fueling stations than non-CCC counties, on average. The estimates
also suggest that counties with fewer alternative fueling stations are
more likely to join the Clean Cities program (α=0.01). Thismay be be-
cause they can receive funding, information resources, and technical as-
sistance through the program to build stations (Zhao & Melaina, 2006).
This model has moderate predictive power (adjusted R2 ~0.543).
It should be noted that Californian counties, on average, are expected
to have 6 more alternative fueling stations than other counties (α=
0.05). In addition to the CCC technical assistance, the state provides
more incentives to encourage the construction of alternative fueling sta-
tions such as AFV and Fueling Infrastructure Grants, andNatural Gas Ve-
hicle (NGV) Home Fueling Infrastructure Incentive – South Coast.
California's success story also provides evidence to support the symbio-
sis between advocacy, education, and assistance at different levels of
governments and market actors (Zhao & Melaina, 2006).ommuters driving to work (%) Commuters using transit (%)
.483 (1.160) −0.017 (0.807)
.508 0.538
Table 4
Summary of model results.
Outcome variable
Days with AQI N 100 (%) Alternative fueling stations Commuters driving to work (%) Commuters using transit (%)
Independent variables
DiD estimator −3.728** (1.715) 12.883*** (4.324) −2.889** (1.439) 2.110** (0.991)
Located within CCC (yes = 1, no = 0) 3.242*** (0.793) −7.035*** (2.000) 0.688 (0.665) 0.035 (0.458)
# of years since coalition designation 0.083 (0.113) 0.191 (0.286) 0.152 (0.095) −0.191*** (0.065)
Post-treatment (yes = 1, no = 0) −3.665*** (0.893) 10.226*** (2.253) 2.816*** (0.750) −1.141** (0.516)
Population (000 s) 0.004*** (0.001) 0.054*** (0.003) −0.009*** (0.001) 0.008*** (0.001)
Proportion of urban population (%) 0.008 (0.013) −0.088*** (0.034) 0.008 (0.011) 0.026*** (0.008)
Unemployment rate (%) 0.288** (0.124) −0.147 (0.313) 0.394*** (0.104) −0.183** (0.072)
Proportion of industrial employment (%) 0.101*** (0.037) 0.115 (0.093) 0.335*** (0.031) −0.077*** (0.021)
Proportion of workers with N1 h commute (%) −0.087 (0.079) −0.530*** (0.198) −0.476*** (0.066) 0.513*** (0.045)
Median Household Income (log) 0.236 (1.756) 3.418 (4.429) 8.050*** (1.474) −4.474*** (1.015)
California (yes = 1, no = 0) 3.937*** (0.915) 5.887** (2.306) −2.681*** (0.767) −0.587 (0.528)
Average daily maximum temperature (°F) 0.020 (0.031) −0.037 (0.079) 0.338*** (0.026) −0.126*** (0.018)
n 698 698 698 698
Adjusted R2 0.218 0.543 0.421 0.394
Inference: ***p b 0.01; **p b 0.05; *p b 0.1.
Independent variables are underlined and bold when significant.
Standard errors are in parentheses.
260 S. Qiu, N. Kaza / Science of the Total Environment 579 (2017) 254–2624.5. VMT reduction
The difference in proportion of commuters driving to work between
counties within CCCs and those outside of CCCs is 2.9 percentage points
(α = 0.05). This model has modest predictive power (adjusted R2
~0.42). The Clean Cities program not only discourages private vehicle
occupancy, but also encourages public transit ridership (α= 0.05), in-
dicating its efficacy on VMT reduction. CCC counties have experienced
a 2.1 percentage point increase in transit ridership compared to non-
CCC counties, on average. Nevertheless, the proportion of commuters
riding transit has decreased as the number of years of CCC designation
increases (α= 0.01). In other words, among those counties that take
part in the program, the proportion of transit commuters decreases
with time since coalition designation. This may be because the primary
focus of the Clean Cities program has traditionally been on adopting al-
ternative fuels,while promotion of public transit is a relatively novel ini-
tiative (United States Department of Energy, Energy Efficiency &
Renewable Energy, 2016b; United States Department of Energy,
Energy Efficiency & Renewable Energy, 2016d). Coalitions who joined
the program earlier may not be able to readily switch from a sole
focus on alternative fuels to more varied projects like VMT reduction.
Additionally, transit ridership is impacted by transit infrastructure im-
provements and pricing. CCCs have limited influence over these large
infrastructure and policy decisions. This model has modest predictive
power (adjusted R2 ~0.394).
In these models, unemployment rate has a significantly negative as-
sociation with transit ridership (α= 0.05). Unemployment rate also
has a significantly positive association with private vehicle occupancy
(α= 0.01), which helps explain why the counties with higher unem-
ployment rate have more bad air quality days.5. Discussion
To date, the Clean Cities program has awarded over 400 million dol-
lars towards various projects across the country to promote alternative
fuels (United States Department of Energy, Energy Efficiency &
Renewable Energy, 2016e). Thus, it is not surprising that alternative
fuel stations have become more prevalent in counties contained within
a coalition. Because there is very little publicly available disaggregate
data about actual petroleum consumption, these stations are a proxy
for the adoption of alternative fuel fleets and vehicles by organizations
and households. However, the impact of AFV programs on air quality
is unclear. A comprehensive and rigorous analysis of the effects of the
programs on air quality helps with understanding the effectiveness ofthe CCCs in achieving short-term goals of petroleum reduction, but
also long-term goals of improving air quality.
This project analyzes panel data from 1990 to 2010 in order to assess
the effectiveness of the Clean Cities program. Given that a CCC is com-
prised of several counties, and county boundaries are relatively stable
compared to some other geographical regions such as cities, we choose
to analyze this program at the county level. By employing a sophisticat-
ed research design, our results provide some evidence that indeed air
quality in counties with CCC designation has improved at faster rates
than that of non-CCC counties, even when controlling for other factors
such as population growth, decreased industrial activity, and changes
in the economy.
Previous research has suggested that non-fuel substitution strategies
such as land use strategies to reduce VMT (Baum-Snow, 2010; Frank &
Pivo, 1995; Boarnet, 2010), and behavioral strategies to avoid idling
(Frey et al., 2009b; Gaines et al., 2012), reduce driving, and encourage
transit use, have direct, if modest, impacts on human health
(Dannenberg et al., 2003), energy use and CO2 emissions (Makido et
al., 2012; Norman et al., 2006). These strategies require significant
multi-institutional efforts. The main role of CCCs is to facilitate such
inter-institutional collaborations.While it is unclear that CCCs have em-
braced the non-fuel substitution strategies as they claim, it does seem
that there is an associative link between CCC designation and outcome
metrics such as increased transit use and reductions in driving rates
among commuters. It is unclear whether or not these transit ridership
increases are due to improved transit qualitywithin the CCC boundaries
or whether CCCs are involved in decisions about transit infrastructure.
However, it should be noted that the councils of governments, metro-
politan planning organizations, cities, fuel suppliers, and transit agen-
cies are routinely members of these coalitions (United States
Department of Energy, Energy Efficiency & Renewable Energy, 2016a)
and they do make land use and transportation investments.
Overall, this research shows that CCCs are effective in promoting im-
proved air quality within their coalition member counties. While alter-
native fuels are the primary driver of this change, other strategies such
as VMT reduction might also be playing a modest but significant role in
improving air quality in these regions. The institutional composition of
CCCs and the coordination with other state and local policies, as
highlighted in the California case, are quite important and deserve fur-
ther research.
Mobile sources (e.g. cars, buses, trucks, etc.), stationary sources (e.g.
factories, power plants, oil refineries, etc.), area sources (e.g. wood
burning fireplaces, building materials, etc.) and natural sources (e.g.
wildfires, volcanoes, etc.) are four major types of air pollution sources.
However, due to limitations of data availability, the models fail to
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mix and industry mix. This exclusion ultimately limits the predictive
power of the models and increases susceptibility to omitted variable
bias evenwhen the research design is carefully constructed to use com-
parable groups. We also acknowledge the rather infrequent occurrence
inwhich a coalition is dedesignated and itsmember counties are no lon-
ger part of the treatment group.We do not account for this situation be-
cause comprehensive data does not exist. Therefore, it is quite likely that
the reported results are downwardly biased.
6. Conclusions
In summary, our findings suggest that the Clean Cities program has
promoted the construction of alternative fueling stations and potential-
ly shifted travel behaviors from driving in a private vehicle to riding
transit, and as a result, has improved air quality in affected regions.
Our findings also indicate that funding, information sources, and techni-
cal assistance are effective strategies for encouraging alternative fuel
use and dealing with the critical barriers that have impeded the acquisi-
tion of AFVs. Nevertheless, increase in alternative fuel adoption is mere-
ly one strategy to reduce petroleum consumption. The Clean Cities
program could consider utilizing its strength in inter-institutional coor-
dination to further employ non-fuel substitution strategies for petro-
leum reduction and air quality improvements.
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